


















of	 functional	 synthetic	 transcription	networks	 such	as	 logic	 gates	and	oscillators.	
However,	 transcription	 rates	 observed	 from	 promoters	 can	 vary	 significantly	
depending	 on	 the	 growth	 rate	 of	 host	 cells	 and	 the	 experimental	 and	 genetic	
context	 of	 measurement.	 Further,	 in	 vivo	 measurement	 methods	 must	
accommodate	 variation	 in	 translation,	 protein	 folding	 and	 maturation	 rates	 of	
reporter	 proteins,	 as	 well	 as	 metabolic	 load.	 The	 external	 factors	 affecting	
transcription	activity	may	be	considered	extrinsic,	and	the	goal	of	characterization	
should	 be	 to	 obtain	 quantitative	 measures	 of	 the	 intrinsic	 characteristics	 of	
promoters.	
	
We	 have	 developed	 a	 promoter	 characterization	 method	 that	 is	 based	 on	 a	
mathematical	 model	 for	 cell	 growth	 and	 reporter	 gene	 expression	 and	 exploits	
multiple	 in	 vivo	 measurements	 to	 compensate	 for	 variation	 due	 to	 extrinsic	
factors.	First,	we	used	optical	density	and	fluorescent	reporter	gene	measurements	
to	account	for	the	effect	of	differing	cell	growth	rates.	Second,	we	compared	the	
output	 of	 reporter	 genes	 to	 that	 of	 a	 control	 promoter	 using	 concurrent	 dual-
channel	 fluorescence	 measurements.	 This	 allowed	 us	 to	 derive	 a	 quantitative	
promoter	 characteristic	 (ρ)	 that	 provides	 a	 robust	 measure	 of	 the	 intrinsic	
properties	of	 a	promoter,	 relative	 to	 the	 control.	We	 imposed	different	extrinsic	







A	major	 aim	 of	 synthetic	 biology	 is	 the	 rational	 design	 and	 construction	 of	 DNAs	
composed	of	genetic	parts	from	various	sources	to	achieve	defined	novel	functions.	
Promoters,	 regulatory	proteins,	operators,	and	translation	 initiation	elements	 from	
bacteria	and	bacteriophages	have	been	combined	to	build	transcription	networks	or	
circuits	 encoding	 toggle	 switches	 (1),	 oscillators	 (2),	 logic	 (3),	 and	 simple	
computation	(4)	in	Escherichia	coli.	While	these	studies	demonstrate	the	potential	of	
the	 synthetic	 biology	 approach,	 the	 scope	 of	 designed	 genetic	 systems	 remains	
limited	due	to	lack	of	reliable	data	on	the	behavior	of	genetic	parts.	There	are	usually	
many	candidate	parts	that	could	be	used	to	build	a	given	genetic	network	topology	
and	 the	 designer	must	 select	 those	 likely	 to	 achieve	 the	 desired	 function.	 As	 the	
number	 of	 available	 parts	 increases,	 exhaustive	 testing	 or	 trial-and-error	 become	
infeasible,	 and	 quantitative	 modeling	 becomes	 essential.	 Part	 characterization	 is	
then	required	to	parameterize	these	models	in	such	a	way	that	they	are	predictive	of	




strains	 are	 usually	 chosen	 to	 minimize	 specific	 regulatory	 interactions	 between	
native	and	synthetic	circuits,	for	example	by	avoiding	CAP	binding	sites	in	promoters	
(5).	However,	 broad	utilization	of	 host	 resources	 cannot	 be	 avoided.	 For	 example,	
initiation	 of	 transcription	 from	 a	 promoter	 sequence	 generally	 depends	 on	 the	
availability	of	the	cell’s	native	RNA	polymerase	(RNAP),	associated	sigma	factors,	and	
RNA	 nucleotides.	 Translation	 of	 transcribed	 mRNAs	 into	 proteins,	 including	
fluorescent	 reporters,	 requires	 host	 ribosomes,	 tRNAs,	 and	 amino-acids.	 Empirical	
correlations	between	chromosome	and	plasmid	copy	number,	 ribosome	and	RNAP	
levels,	 and	 growth	 rate	 have	 been	 identified,	 which	 lead	 to	 fluctuation	 in	 gene	




promoter	 of	 interest	 and	 any	 indirect	 (fluorescence,	 luminescence,	 colorimetric)	




Relative	 measurement	 is	 a	 common	 approach	 to	 reducing	 variation	 in	
measurements,	 and	 has	 been	 applied	 to	 promoter	 characterization.	 In	 higher	





Each	promoter	was	measured	 individually	 in	 separate	experiments	 in	 each	growth	
condition	 and	 strain.	 One	 of	 these	 promoters	 was	 chosen	 as	 a	 reference	 and	 its	
mean	 activity	 used	 to	 normalize	 the	 other	 promoters	 in	 the	 set.	 The	 result	was	 a	
relative	measure	of	promoter	 activity	with	 lower	 variance	 than	absolute	promoter	
activity.	More	 recently	 Keren	 et	 al.	 (12)	 screened	 a	 library	 of	 around	 1800	 E.	 coli	
promoters	expressing	GFP	 in	 ten	different	growth	media.	Supporting	 the	results	of	
Kelly	et	al.	they	found	that	the	activity	of	70-90%	of	the	promoters	was	scaled	by	a	
constant	 factor	when	 changing	 growth	 conditions.	 Further,	 they	 showed	 evidence	
that	promoters	deviating	from	this	global	scaling	were	those	specifically	regulated	by	
the	 change	 in	 conditions,	 e.g.	 metabolic	 operons	 affected	 by	 choice	 of	 carbon	
source.		
	
In	 summary,	 several	 studies	 have	 suggested	 that	 variation	 in	 the	 activity	 of	
constitutive	 promoters	 is	 largely	 due	 to	 global	 sources	 that	 preserve	 their	 relative	
levels	of	activity,	and	that	specific	regulation	of	promoters	is	observed	as	a	change	in	
this	relative	activity	(10	–	12).	However,	both	Kelly	et	al.	 	(11)	and	Keren	et	al.	(12)	
measured	 the	 activity	 of	 promoters	 individually	 in	 separate	 experiments,	 and	
computed	 relative	 activities	 between	 experiments.	 Such	 measurements	 cannot	
capture	global	variation	due	to	the	metabolic	 load	of	an	 introduced	synthetic	gene	
circuit,	slight	differences	in	growth	conditions,	or	the	initial	state	of	inoculated	cells.	
Previous	 work	 in	 our	 laboratory	 developed	 dual	 reporter	 plasmids	 to	 enable	
concurrent	 ratiometric	measurement	 of	 promoter	 pairs	 (13),	 and	 a	 computational	
analysis	method	(14)	that	further	reduced	variance	in	measures	of	promoter	activity.	
Note	 that	 none	 of	 these	 approaches	 to	 characterization	 explicitly	 addressed	
variation	during	the	time	period	that	a	promoter	is	active,	but	considered	only	peak	












dependent	on	 the	 context	 in	which	 they	 are	measured	–	DNA	molecule,	 host	 cell,	
and	experimental	 conditions.	 Transcription	 rates	 are	 also	 very	difficult	 to	measure	
directly	and	non-destructively	in	vivo,	meaning	indirect	reporters	such	as	fluorescent	






reliable	 in	 spite	 of	 this	 extrinsic	 variation	 –	 that	 is,	 an	 intrinsic	 promoter	
characteristic:	
	
Intrinsic	 promoter	 characteristic:	 a	 quantitative	 measure	 of	 transcription	 that	 is	
specific	to	a	given	promoter	and	consistent	in	a	range	of	contexts.	
	
Here	 we	 describe	 the	 systematic	 development	 of	 a	 method	 for	 in	 vivo	
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	 𝑑𝑃𝑑𝑡 = 𝐹- 𝑡 − 𝜇(𝑡)𝑃 𝑡 	
	



























































Information)	by	linear	regression,	giving	𝑅L = 0.97 ± 0.039	for	both	EYFP	and	ECFP.		
	
Hence	the	value	of	𝛼-	quantifies	fluorescent	protein	synthesis	in	relation	to	growth	





























































































































































































































































































with	a	Michaelis-Menten	equation	𝜇 𝑡 = 𝜇∗ 𝑘𝑅(𝑡)1 + 𝑘𝑅(𝑡) 	
where	𝜇∗	is	the	theoretical	maximum	growth	rate	with	increasing	R(t),	and	k	is	the	
rate	of	use	of	limiting	factors	in	growth.	In	the	case	of	low	R(t),	that	is	𝑘𝑅(𝑡) ≪ 1,	
this	simplifies	to	 𝜇(𝑡) ≈ 	𝜇∗𝑘𝑅 𝑡 	
Solving	for	R(t)	gives	 𝑅 𝑡 = 1𝑘 𝜇(𝑡)𝜇∗ 	
Similarly	promoter	activity	is	also	dependent	on	limiting	factors	R(t),	and	again	at	









follows:	 𝐹- 𝑡 = 𝜑-𝑛 𝑡 𝐾a 𝑡 𝐾[ 𝑡𝜇 𝑡 + 𝛿^ 	
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so	obtaining	 reliable	quantitative	 characteristics	of	 their	activity	 is	essential	 to	 this	
design	 process.	 In	 this	 work	 we	 studied	 fluorescent	 reporters	 fused	 to	 previously	
well-characterized	 constitutive	 promoters	 carried	 on	 plasmids.	 Using	 microplate	
fluorometer	measurements	we	 highlighted	 technical	 issues	 affecting	 estimation	 of	
promoter	activity	from	time-series	data.	We	developed	a	simple	analytical	approach	
to	 computing	 promoter	 activity	 that	 overcame	 several	 of	 these	 issues	 to	 give	
accurate	 characteristics.	 This	 analysis	 explicitly	 revealed	 the	 dependence	 of	
promoter	activity	computation	on	growth	rate	during	exponential	phase	as	a	linear	
model.	The	slope	of	this	 linear	model	 (𝛼-)	gave	a	promoter	characteristic	that	was	
largely	 invariant	 to	 approximately	 4-fold	 changes	 in	 growth	 rate	 over	 exponential	
phase.	
	
We	 then	 subjected	 cells	 to	 extrinsic	 factors	 known	 to	 affect	 promoter	 activity	 by	
growing	 them	with	different	 carbon	 sources,	 and	 in	 the	presence	of	bacteriostatic	
drugs.	While	𝛼-	was	reliable	over	exponential	growth	phase	in	a	given	experimental	
condition,	with	 these	 additional	 extrinsic	 factors	we	observed	 significant	 variation.	
Further,	this	variation	showed	a	negative	relation	to	the	peak	growth	rate	observed	
in	each	test	growth	condition.	Statistical	analysis	showed	that	78%	of	the	variance	in	








model	of	these	promoter	characteristics.	This	model	confirmed	our	observation	that	𝛼-	 decreased	 with	 increasing	 peak	 growth	 rate.	 It	 also	 suggested	 that	 promoter	
characteristics	𝛼=	and	𝛼< 	would	be	correlated	due	to	common	extrinsic	factors.	This	
was	 supported	 by	 our	 data	 in	 which	 promoter	 characteristics	measured	 from	 the	
same	 plasmid	 were	 closely	 correlated	 across	 all	 conditions	 tested	 (R>0.95).	 This	
analysis	 then	 predicted	 that	 the	 ratio	𝜌 = 𝛼= 𝛼< 	 would	 be	 consistent	 when	 cells	
were	subjected	to	extrinsic	factors.	Our	data	showed	that	the	fraction	of	variance	in	
promoter	 characteristics	 attributed	 to	 imposed	extrinsic	 factors	was	 reduced	 from	
47%	 to	 less	 than	 1%	 after	 computing	 the	 ratio	 𝜌 = 𝛼= 𝛼<.	 Other	 unidentified	
sources	 of	 variance	 were	 reduced	 from	 30%	 to	 just	 3%	 of	 variance.	 Overall	 the	
identity	of	the	promoter	accounted	for	96%	of	the	variance	and	only	4%	was	due	to	
extrinsic	 factors.	 We	 therefore	 propose	 the	 ratiometric	 characteristic	 (𝜌)	 with	
respect	to	an	in	vivo	reference	as	an	intrinsic	promoter	characteristic.		
	
We	 showed	 that	 common	extrinsic	 factors	 dominated	 the	 variation	 in	 constitutive	
transcription	 from	 promoters	 hosted	 on	 the	 same	 plasmid,	 and	 that	 ratiometric	
characteristics	were	 largely	unaffected	by	this	variation.	The	mechanisms	by	which	
extrinsic	 factors	affect	promoters	and	 fluorescent	 reporter	measurements	of	 them	
are	currently	poorly	understood	and	thus	cannot	be	 incorporated	 into	quantitative	
models.	Our	approach	utilized	an	in	vivo	constitutive	reference	promoter	placed	in	a	
genetic	 context	as	 similar	as	possible	 to	 that	of	 the	promoter	of	 interest,	with	 the	
same	RBS	and	almost	 identical	 fluorescent	reporter	coding	sequence.	This	context-
matched	 reference	 promoter	 therefore	 provided	 a	 live	 concurrent	 readout	 of	
common	 extrinsic	 effects	 on	 promoter	 activity.	 This	 means	 that	 in	 principle	




also	 enable	 accurate	 quantification	 of	 specifically	 regulated	 promoters	 (e.g.	
inducible)	 by	 minimizing	 the	 effects	 of	 common	 extrinsic	 factors	 and	 revealing	
specific	 regulatory	 effects	 on	 promoters	 measured	 in	 different	 conditions.	 These	
conditions	might	for	example	be	concentrations	of	inducers	(e.g.	IPTG,	aTC)	that	bind	
transcription	 factors	 associated	 with	 promoters	 (e.g.	 LacI,	 TetR).	 Such	 approaches	
will	 be	 essential	 to	 the	 accurate	 design	 of	 functional	 genetic	 circuits	 by	
parameterizing	 models	 of	 transcription	 regulation.	 Previous	 work	 from	 our	




bacteria	 in	 bulk	 culture.	 However,	 the	 principle	 of	 ratiometric	 promoter	
characterization	 could	 be	 applied	 to	 other	 techniques	 in	 which	 concurrent	 dual-
channel	 fluorescence	 measurements	 can	 be	 made,	 and	 even	 to	 multicellular	
organisms.	 Previous	 work	 from	 our	 laboratory	 successfully	 applied	 a	 similar	
approach	 to	 confocal	 microscopy	 images	 of	 plant	 tissues	 (10).	 Thus	 we	 have	





















Parts,	MIT,	 http://partsregistry.org)	 and	 assembled	 into	 pSB3K3CY.	 pSB3K3CY	 was	
created	 by	 cloning	 BBa_J23101	 promoter,	 ribosome	 binging	 site	 BBa_B0034,	 cyan	
fluorescent	 protein	 BBa_E0020	 and	 BBa_B0015	 terminator	 into	 pSB3K3	 vector	
backbone	between	the	kanamycin	resistance	gene	and	p15A	origin	of	replication	by	
Gibson	 assembly	 	 (26).	 Each	 of	 the	 promoters	 used	 in	 this	 study,	 R0051,	 R0011,	
R0040,	 J23101,	 J23150,	and	J23151	was	fused	to	RBS	BBa_B0034,	EYFP	BBa_E0030	
and	 bi-directional	 terminator	 BBa_B0015;	 and	 these	 cassettes	 were	 subsequently	













Plate	 fluorometry	 assays.	 Each	 of	 the	 plasmids	 described	 above	 (Figure 2A)	were	
transformed	 into	 chemically	 competent	 E.	 coli	 strain	 EC10G	 (Invitrogen)	 and	
incubated	 overnight	 in	 LB	 agar	 plates	 containing	 kanamycin	 (50	 μg	 ml−1)	 for	
selection.	 	Next,	 two	 colonies	of	 each	of	 these	 transformations	were	 selected	 and	
inoculated	into	5	ml	of	one	of	the	M9	media	(A-D,	see	above)	and	grown	overnight	in	
a	shaking	incubator	at	37°C	for	approximately	16	hours.	Cultures	were	then	diluted	
1:100	 into	 fresh	 identical	medium.	Then	200μl	of	 this	diluted	culture	was	added	 in	
three	 replicates	 to	 each	 well	 of	 a	 black	 96-well	 microplate	 with	 clear	 bottom	
(Greiner).	A	BMG	Fluostar	Omega	plate	reader	was	used	to	measure	optical	density	
	 19	
at	 600	 nm	 and	 fluorescence	 every	 ~12	 minutes.	 Excitation	 filter	 430/10nm	 and	
emission	 filter	 480/10nm	were	 used	 for	measuring	 ECFP;	whereas	 excitation	 filter	
500/10nm	 and	 emission	 filter	 530/10nm	 were	 used	 for	 EYFP	 measurements.	 The	
plate	 was	 maintained	 at	 37°C	 during	 the	 measurement	 assay.	 Between	 readings	
plates	were	shaken	at	200	rpm.		
	
Data	 Analysis.	 Matlab	 (Mathworks)	 was	 used	 for	 all	 data	 analysis	 and	 a	 custom	
python	 script	 used	 to	 import	 data	 from	 the	 BMG	 spreadsheet	 format	 (all	 code	
available	 from	www.github.com/timrudge/platypus).	Gompertz	models	were	 fitted	
to	 OD	 data	 using	 the	 “nlinfit”	matlab	 function,	 which	 implements	 the	 Levenberg-
Marquardt	algorithm	(27).	Statistical	analysis	was	carried	out	with	Matlab	functions	
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